Background. Several infections trigger postinfective fatigue syndromes, which share key illness characteristics with each other and with chronic fatigue syndrome (CFS). Previous cross-sectional case-control studies of CFS have suggested that unique gene expression signatures are evident in peripheral blood samples.
The postinfective fatigue syndrome is the only validated model for studies of the onset and evolution of chronic fatigue syndrome (CFS) [1] [2] [3] [4] . The pathophysiology of CFS remains unknown [5, 6] , although the link with acute infection has led to exhaustive, and essentially negative, investigations seeking persistent pathogens or immune dysfunction [2, 7, 8] .
This impasse has driven the search for novel biomarkers, including alterations in leukocyte gene expression in case-control series of patients with CFS and healthy subjects [9] [10] [11] [12] . A series of putatively correlated genes have been identified, but none were shared between studies, raising concerns of false discovery. Zhang and colleagues recently reported replication of a gene expression ''signature'' in a second case-control study, although perplexingly, the first [12] and second case groups [13] were merged for the analysis. Importantly, a recent study of the peripheral blood transcriptome in 44 monozygotic twin pairs discordant for chronic fatigue revealed no evidence of differential gene expression [14] . This study provided the ideal control for the potential confounding effects of mismatched genetic backgrounds in the earlier case-control studies.
Another potential explanation for nonreproducible results may relate to the recognized heterogeneity within the label of CFS [15] [16] [17] . Four approaches have been adopted to overcome this: first, identification of subgroups within large case series with homogeneous illness characteristics and unique signatures. A series of reports [18] [19] [20] from one data set [21] adopted this approach; however, these analyses were post hoc after the results of the primary case-control comparison were negative.
A second approach has been empirical delineation of subgroups within case series by application of cluster analysis (or similar) to the gene expression data set, followed by consideration of potentially coherent clinical features of the subgroups [22] [23] [24] [25] . These observations await the critical test of independent replication. The third approach has been to seek gene expression correlates of ''endophenotypes,'' or coherent symptom domains within the label of CFS derived by factor, or principal components, analysis [26] . This approach is analogous to investigations of the common, complex disorders of mental health, including major depression, in which the behavioral symptom complex is divided into recognizable and stable characteristics with a likely biological association [27] . Again, the findings in CFS await independent replication.
The final approach has been to investigate potentially homogeneous subject groups, such as postinfective fatigue syndromes. One cross-sectional study of postinfective fatigue syndrome case subjects and healthy subjects has been reported, with differential expression of only a single gene (for the chemokine receptor CXCR4) being shared with those previously reported in CFS [28] . We reported leukocyte gene expression in longitudinally collected samples from case subjects with a postinfective fatigue syndrome after documented acute infectious mononucleosis and matched control subjects who recovered uneventfully after the same infection [29] dan approach which offers the additional methodological strength of comparison of samples obtained during the illness with samples from the same individual upon recovery. No differentially expressed genes shared with those in any previous studies were found.
Based on an assumption that a central premise of the syndromal diagnosis of CFS is that subjects share key clinical features, and hence gene expression correlates, we report here the findings of an analysis of the peripheral blood transcriptome in 3 longitudinal, nested case-control series of subjects with postinfective fatigue syndrome and matched individuals who recovered uneventfully following from the infective triggers. We sought differential expression between early illness and late recovery, postinfective fatigue syndrome case subjects and matched recovered control subjects, and genes that were correlated with endophenotypes derived by principal components analysis.
SUBJECTS AND METHODS

Subjects
Participants were white individuals enrolled in the Dubbo Infection Outcomes Study (DIOS) cohort, following confirmation of acute Epstein-Barr virus (EBV), Ross River virus (RRV), or Coxiella burnetii (Q fever) infection [30] . At each visit, detailed self-report and interview assessments of physical and psychological health were recorded. The severity and duration of symptoms were monitored using the SPHERE questionnaire [31] , in which a validated Somatic and Physical Health Report questionnaire Somatic items (SOMA) subscale records the key outcomedthat is, a score of $3 represents a clinically-significant fatigue state [32, 33] .
In those subjects with persistent symptoms for $3 months, structured medical and psychiatric assessments were undertaken to exclude unrelated causes of illness. Eighteen subjects with postinfective fatigue syndromes (ie, those who had unexplained illness persisting for .6 months after onset of symptoms, meeting diagnostic criteria for CFS) and 18 control subjects who recovered promptly, matched by age, sex, and infection type, were selected [2] (Table 1) . To allow investigation of the gene expression correlates of key components of the symptom complex, principal components analysis-derived indices [2] for 4 symptom domains (fatigue, pain, mood disturbance, and neurocognitive disturbance) and overall illness severity were calculated for each subject and time point from the self-report data sets.
The study protocol was approved by the relevant institutional review boards. All subjects provided written informed consent.
Specimens and Laboratory Methods
Blood samples were collected in the morning and transported to the laboratory within 6 hours, and then peripheral blood mononuclear cells (PBMCs) were separated (Lymphoprep; Axis-Shield, Oslo, Norway) and cryopreserved in vapor-phase liquid nitrogen. Thawed PBMCs were lysed in Tri-reagent (Sigma-Aldrich), RNA was extracted and quantified, and the quality was evaluated by denaturing gel electrophoresis and Bioanalyzer.
A total of 127 samples were analyzed, including 3 or 4 time points per subject ( Table 1) . RNA of sufficient yield and high quality (28S:18S ratio, 1.8-2.0) was available for all samples. For each subject, probe synthesis and hybridizations for all samples were performed in a single run. Arrays from a case and a control subject were run together whenever possible to control for runto-run effects. For each sample, 500 ng of RNA was amplified to biotin-labeled complementary RNA (Illumina TotalPrep RNA amplification kit; Ambion, Austin, TX) following manufacturer's instructions.
Microarrays
Sentrix HumanRef-8 v2 Expression BeadChip microarrays (Illumina, San Diego, CA) were utilized. Each BeadChip carries 8 arrays with 22 184 probes identifying 18 203 unique genes. The microarray procedure was performed as instructed by the manufacturer. All reagents and buffers were provided with the BeadChip kits (Illumina). The arrays were stained with streptavidin-Cy3 (1 mg/mL; Sigma-Aldrich), and the bar-coded chips were scanned (Illumina) using the recommended settings. Images were analyzed with Beadstudio Gene Expression Module software (Illumina) to provide raw expression data. a Symptom scores on the SOMA subscale of the SPHERE questionnaire (possible range, 0-12); a score of $3 indicates a clinically significant fatigue state.
b PIFS refers to case subjects with postinfective fatigue syndrome; C refers to control subjects who recovered within 6 weeks of onset.
c Where there are 2 arrays for the same time point, the array corresponding to the earlier measured SOMA score was used in the analysis.
Gene Expression Validation
The HighCapacity RNA to complementary DNA (cDNA) kit (Applied Biosystems, Carlsbad, CA) was used to convert messenger RNA to cDNA, before freezing at 220°C until use. Confirmatory gene expression was measured using Taqman assays formatted onto microfluidic cards in a 384-well format (Applied Biosystems 7900HT Fast Real-Time polymerase chain reaction (PCR) system). The assay primers were prevalidated by the manufacturer and selected to exclude genomic DNA amplification. The cDNA was mixed with TaqMan Universal PCR Master mix and loaded into the fill ports (500 ng of cDNA per port). Three housekeeping genes with stable expression in peripheral blood leukocytes were included (glyceraldehyde 3-phosphate dehydrogenase [GAPDH], ubiquitin C [UBC], and tyrosine monooxygenase [YWHAZ]) [34] . Cycle threshold (Ct) values were determined using 7900HT software before values were collated for analysis (DataAssist software, version 2.0; Applied Biosystems).
Statistical Analyses
Normalization Raw array expression levels were log 2 transformed and quantile normalized. For the paired analysis, arrays for each subject were normalized together. For the 2-sample analysis, the 28 arrays included were normalized together; and for the longitudinal and correlation analyses, all 127 arrays were normalized together. When 2 arrays were available for any subject time point, the data for the array associated with the earlier date of collection was utilized. From each analysis, genes were ranked according to P value separately for EBV, RRV, and Q fever, and those genes in the top 2000 for all infections that were consistently up-or down-regulated were identified. Paired Analysis Within-subject comparisons were used to find genes differentially expressed between early illness (termed here ''sick'') and late recovery (termed here ''well''). Twelve subjects (3 with EBV infection, 4 with RRV infection, and 5 with Q fever) ( Table 1) with SOMA scores of $3 at time point 1 (T1) and SOMA scores of ,3 at time point 4 (T4) were identified. Paired t tests were used to test for differences in normalized expression for each gene. Four sets of tests were performed: 1 for the whole group of 12 subjects, and 1 for each of the 3 infection types. Moderated t statistics, with unadjusted and Benjamini-Hochberg adjusted P values, were obtained in R software (http://www.R-project.org) using the Bioconductor package limma [35] . Two-sample Analysis Between-subject comparisons were used to identify genes differentially expressed between case subjects with a postinfective fatigue syndrome and recovered subjects at the 6-month time point (T3). This included 17 case subjects (6 with EBV infection, 5 with RRV infection, and 6 with Q fever) ( Table 1 ) and 11 control subjects (5 with EBV infection, 4 with RRV infection, and 2 with Q fever) ( Table 1) . Two-sample t tests for each gene were used to test for a difference in normalized expression levels between case subjects and recovered control subjects. Tests were performed using all arrays, as well as separately for the 3 infection subgroups. where P represents the probability of experiencing fatigue (SOMA score, $3 or more), ''sex'' is an indicator for gender, ''Q fever'' and ''RRV'' are indicators for Q fever and RRV, respectively (EBV is the reference category), ''gene'' is gene expression, and T2, T3, and T4 are indicators for time points 2, 3, and 4, respectively (T1 is the reference category). The last 2 terms allowed for gene by disease interaction. The model was fitted for each gene using generalized estimating equations (GEEs) with working independence, with subject as cluster. All subjects and time points were included in this analysis. The analysis was performed in R using the package geepack [36] to obtain P values (unadjusted and Benjamini-Hochberg adjusted) for differentially expressed genes separately for the 3 infective cohorts. Because the parameters in the model have interpretations as log-odds ratios, tests for differential expression between sick and well states were formulated by testing whether the relevant parameters were equal to 0. For example, a test of the null hypothesis b 8 50 can be used to assess whether gene expression has an effect on the probability of fatigue for patients with EBV infection.
Correlation Analyses
For each of the 5 symptom domains, Pearson correlations between gene expression levels and principal components analysis-derived indices were calculated. Correlation tests were performed and P values (unadjusted and BenjaminiHochberg adjusted) were obtained. All subjects and time points were included. Overabundance analyses were then used to compare the number of genes determined to have a correlation significantly different from 0, using a 5% (unadjusted) significance level, where the number expected by chance was obtained by randomly permuting the symptom scores 1000 times. Overabundance was assessed separately for each symptom domain and each infection.
Selection of Genes for Confirmatory PCR
The criteria for selection of genes for confirmation reflected the primary aim of identifying genes that were consistently differentially expressed across all 3 infective cohorts. Because the various analysis methods potentially captured associations with different aspects of the fatigue-associated symptom complex, genes identified by each method were included. For the paired, 2-sample, and GEE analyses, intersections of the top 2000 ranked genes for the 3 infections formed the basis for selection. For the correlation analysis, where no overabundance was observed for RRV infection, selection was made from the top-ranked genes significant at 5% for both EBV infection and Q fever for the overabundant severity symptom domain.
Analysis of Quantitative PCR Data
Correlation tests were performed to assess how well the gene expression levels measured by microarray correlated with quantitative PCR (qPCR) values. In addition, the paired, 2-sample, GEE, and correlation analyses were rerun using the correlated qPCR data set.
RESULTS
The mean age of the postinfective fatigue syndrome case subjects was 40 years (standard deviation [SD], 18 years) and that of the control group was 39 years (SD, 16 years; P . .1). There were 11 male subjects and 7 female subjects in both groups ( Table 1 ). The initial sampling point was within 6 weeks of illness onset (mean, 4.2 weeks; SD, 1.8 weeks). Subjects in the EBV group were generally younger in age, which is typical of infectious mononucleosis, whereas subjects in the Q fever group were predominantly male and older, reflecting the occupational acquisition of this illness. The RRV group was heterogeneous in age and sex, consistent with the mosquito-borne transmission of this infection. These demographic characteristics are representative of the larger DIOS cohort [2] .
Paired Analysis
There were 23 genes ranked in the top 2000 for all 3 cohorts that were consistently up-or down-regulated (Supplementary  Table 1 ), although the fold changes observed were modest, ranging from 0.6-fold (down-regulated in the samples from the early sick time point) to 2.3-fold (up-regulated in the samples from the early sick time point). There were no genes for which the adjusted significance level was ,.05.
Two-sample Analysis
There were 15 genes that exhibited consistent up-or downregulation (Supplementary Table 2 ). Again, estimated fold changes were modest, ranging from 0.6-fold to 2.4-fold. There were no genes for which the adjusted significance level was ,.05.
Longitudinal Analysis
The longitudinal model identified 58 genes for which the estimated coefficients were required to have the same sign (Supplementary Table 3 ). Some very large effect sizes were evident, with coefficient estimates (log-odds ratios) ranging from 218.6 to 19.1. There were 13 genes with adjusted significance values of ,.05, of which only 1 (cytochrome b-245, alpha polypeptide [CYBA]) was associated with fatigue in 2 of the 3 infective cohorts (EBV and Q fever).
Correlation Analysis
The overabundance analysis identified overall illness severity, as well as fatigue and neurocognitive disturbance, as being correlated for the EBV and Q fever cohorts, but not the RRV cohort (P 5 .016 and P 5 .044 for severity, P 5 .017 and P 5 .038 for fatigue, and P 5 .019 and P 5 .023 for neurocognitive disturbance for EBV and Q fever, respectively). Correlation tests identified 96 genes significant at 5% (unadjusted) for both EBV and Q fever for severity, 93 genes for the fatigue symptom domain, and 106 genes for neurocognitive disturbance (158 of the 223 genes were significant for 1 symptom domain, 58 for 2 symptom domains, and analyses, genes significant at 5% (unadjusted) for both Epstein-Barr virus (EBV) and Q fever, for the overabundant symptom domains of severity, fatigue, and neurocognitive disturbance, were selected, giving 223 genes. Ten of the selected genes were common to the 2-sample and longitudinal analyses (third row). A further selection was then made (fourth row). For the paired, 2-sample, and longitudinal analyses, the top 12, 12, and 19 genes, respectively, based on mean rank across the 3 infections, were selected. Ten genes were common to the 2-sample and longitudinal analyses. For the correlation analysis, the top 12 genes by mean rank for the 2 infections EBV and Q fever were selected. This process yielded 45 genes for confirmatory qPCR (fifth row), of which 33 (sixth row) were found to have significant correlations between qPCR values and normalized gene expression levels from the array analysis (P , .1 for correlactions).
7 for all 3 symptom domains) (Supplementary Table 4 ). The strength of the correlations ranged from r 5 20.61 to r 5 0.63. Three of the genes associated with neurocognitive disturbance in the EBV group had an adjusted significance level of ,.05, including glutamate decarboxylase-2 (GAD2), sialoadhesion-1 (CD169; SIGLEC-1), and serine/threonine/tyrosine interacting protein (STYX). None of these genes was significantly correlated (adjusted P value) with neurocognitive disturbance in the Q fever group.
Selection of Genes for Confirmatory qPCR
For the paired, 2-sample, and longitudinal analyses, the firstlevel selection included genes appearing in the top 2000 rank lists for all 3 infections (Figure 1) . At the second level, a further selection was made on the basis of the mean rank across the 3 infections, with the top 12 genes by mean rank chosen for the paired and 2-sample analyses, and the top 19 genes by mean rank chosen for the longitudinal analysis. Ten genes were in common for the 2-sample and longitudinal analyses. For the correlation analysis, the top 12 genes by mean rank for the 2 infections EBV and Q fever were chosen from the genes that were significant at 5%.
Analysis of qPCR Data
Of the 45 genes selected for confirmatory qPCR, 33 showed a correlation at the 10% level with gene expression levels determined by microarray ( Table 2 ). The paired, 2-sample, and longitudinal analyses were then repeated using these 33 genes, to seek those with significant differences in a consistent direction for at least 2 of the 3 infections. In the repeated correlation analysis, no genes were found to be significantly correlated for both EBV infection and Q fever in association with severity, fatigue, or neurocognitive disturbance at a 5% significance level. With a more liberal significance threshold of 10% (unadjusted), 6 genes were significant: actin, alpha2, smooth muscle, aorta (ACTA2; up-regulated in postinfective fatigue syndrome in the paired analysis for EBV [P 
Comparison of Genes of Interest With Previous Studies
A review of differentially expressed genes in published casecontrol studies of CFS or postinfective fatigue syndrome revealed only 6 genes that have been identified by .1 independent group (summarized in Table 3 ). None were shared with the genes listed above.
DISCUSSION
To our knowledge, this is the first report of a longitudinal analysis of the peripheral blood transcriptome in patients with postinfective fatigue syndrome that incorporates multiple comparators to minimize the likelihood of false discovery, including within-subject (sick versus well), between-subject (postinfective fatigue syndrome cases versus recovered controls), and betweencohort (EBV versus Q fever versus RRV) analyses. In addition, the data set described here includes empirical exploration of the potential gene expression correlates of the syndrome as a whole (ie, caseness for postinfective fatigue) and the major symptom domains considered in isolation (ie, fatigue, pain. mood disturbance, and neurocognitive disturbance). The major finding reported here with the use of this comprehensive approach was that no genes were consistently associated with the illness. A key premise in these analyses was that the cardinal manifestations of the postinfective fatigue syndrome are stereotyped, and hence that gene expression correlates should also be shared, regardless of the original infective trigger. We previously reported the results of a planned contrasts analysis of the patterns of resolution of the major symptom domains of the postinfective fatigue syndrome in the DIOS cohort, and we revealed that only pain, but not fatigue, mood disturbance, or neurocognitive disturbance, differed in prevalence and natural history in the postinfective fatigue syndrome [37] . We also found that the incidence of CFS was closely comparable between the 3 infections [37] . Given these data, the finding here of the lack of a coherent set of gene expression correlates across cohorts argues against the validity of previously proposed signatures for postinfective fatigue syndrome [38] or CFS [39] .
One of the most striking findings was the relative lack of variance in gene expression levels within subjects over $12 months, with differences consistently ,2.3-fold identified. It should be noted in this regard that although all subjects were recruited within 6 weeks of onset of illness, all were well beyond the acute febrile phase of the infection at the time of enrollment. Accordingly, the gene expression data set at the initial time point reflects the early postinfective period, rather than being in the midst of the acute sickness response. Hence, enhanced expression of genes such as pro-inflammatory cytokines, which feature in acute infection, was not evident [40, 41] . By contrast, this finding argues that 2 of the key methodological issues of concern in microarray studies were not present in the data set described here: sampling and technical biases arising from variations in sample collection, handling, and processing; and genetic mismatching in comparative analyses. The former relates to issues such as variations in the timing of blood sample collection linked to circadian influences on gene expression [42] ; appropriate ex vivo handling of the peripheral blood samples to minimize the possibility of endotoxin contamination and leukocyte activation [43] ; and run-to-run variation in the microarray hybridizations [44] . The bias associated with variations in genetic background between case and control subjects relates to the fact that many human genes are under strong genetic control mediated by commonly inherited variants [45] . The within-subject analysis reported here resolves most of this potential bias, and the negative findings are consistent with the previous report of negative results in a study of monozygotic twin pairs [14] . We cannot exclude the possibility of variations in gene expression associated with ex vivo handling of samples, including separation and storage of PBMCs, and it also remains plausible that alterations in gene expression of limited extent, or alterations within leukocyte subpopulations, may be found in CFS; however, this appears unlikely. Finally, because CFS is likely to be a heterogeneous illness [15] [16] [17] , the findings here in relation to the postinfective fatigue syndrome subset may not be generalizable to all patients with CFS.
A growing body of evidence points to the central nervous system as the likely site of the pathophysiological disturbance underpinning CFS [5, 6, 46] . The postinfective fatigue syndrome illness is likely to be truly postinfectivedthat is, unassociated with ongoing active replication of the triggering agent. The likely negative resolution of the putative association between xenotropic murine leukemia virus-related virus (XMRV) is consistent with this notion [47] . The data presented here suggest that 
PRKAR1A
Protein kinase A regulatory subunit 1A [14, 30] Defensin Defensin family [20, 30] a Identified in the microarray analysis only, not confirmed by quantitative polymerase chain reaction.
b It is assumed for this purpose that Gulf War illness is synonymous with chronic fatigue syndrome.
further investigation of the peripheral blood transcriptome is not warranted.
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